Abstract. The increasing number of admissions to hospital emergency departments (EDs) during the past decade has resulted in overcrowded EDs and decreased quality of care. The emergency admission flow that we discuss in this study relates to three types of hospital departments: EDs, acute medical unit (AMUs), and inpatient wards. This study has two objectives: (1) to evaluate the impact of allocating beds in inpatient wards to accommodate emergency admissions and (2) to analyze the impact of pooling the number of beds allocated for emergency admissions in inpatient wards. To analyze the impact of various allocations of emergency beds, we developed a discrete event simulation model. We evaluate the bed allocation scenarios using three performance indicators: (1) the length of stay in the AMU, (2) the fraction of patients refused admission, and (3) the utilization of allocated beds. We develop two heuristics to allocate beds to wards and show that pooling beds improves performance. The partnering hospital has embedded a decision support tool based on the simulation model into its planning and control cycle. The hospital uses it every quarter and updates it with data on a 1-year rolling horizon. This strategy has substantially reduced the number of patients who are refused emergency admission. 
Introduction
To avoid overcrowded emergency departments (EDs), congestion, and fluctuations in downstream resources, sophisticated (process) analysis is required (Hoot et al. 2008 , Lee et al. 2015 . Demographic changes and improved patient survival rates have contributed to the increasing number of hospitalizations of patients with complex and/or chronic conditions (Aminzadeh and Dalziel 2002) . In addition, society demands costeffective health care delivery, which puts pressure on the available resources. This results in bed utilization rates above 85% in inpatient wards (Capewell 1996) , leaving little slack in the admission flow and resulting in the refusal of patients for hospital admission (Bagust et al. 1999 , Zhou et al. 2012 . A major side effect of a decreasing number of available beds is the increasing number of boarders. Boarders are emergency patients waiting for admission or placed outside of their designated medical treatment specialty (which we call specialty in the remainder of this paper) ward because of bed unavailability (McMurdo and Witham 2013) . In general, boarders have a significantly longer length of stay (LOS), experience a decreased quality of care, are less satisfied, have increased mortality rates, and are associated with patient safety issues (Bernstein et al. 2009 , Zhou et al. 2012 , McMurdo and Witham 2013 , Conway et al. 2014 .
Bed capacity management focuses on allocating beds (and thus, staff) among patient types (i.e., emergency versus elective patients or patients whose treatments are within different specialties).
To improve the emergency admission flow, some hospitals use acute medical units (AMUs) (Li et al. 2010) . "An AMU is a designated hospital ward specifically staffed and equipped to receive medical inpatients presenting with acute medical illness from EDs and outpatient clinics for expedited multidisciplinary and medical specialist assessment, care and treatment for up to a designated period (typically between 24 and 72 hours) prior to discharge or transfer to medical wards" (Scott et al. 2009, p. 389) . From an operations management perspective, an AMU operates as a buffer. A buffer can operate as either an inflow buffer or an outflow buffer. An inflow buffer transforms a (highly) variable inflow into manageable outflow by accommodating all arrivals in the buffer before they are transferred farther downstream. An outflow buffer is used only if the initial server is fully occupied. In this study, we analyze AMUs that operate as inflow buffers, where the timing of transfers can be managed (between 24 and 72 hours) so that inpatient wards have time to make capacity available. As a result, downstream inpatient wards can attain higher bed utilization without increasing the number of patients refused. An AMU initially reduces pressure on ED utilization. However, in the case of structural lack of coordination between the AMU and downstream hospital wards, the AMU cannot transfer patients to the downstream hospital wards (Abraham and Reddy 2010) , again resulting in an overcrowded AMU and ED (Scott et al. 2009 ). Ultimately, this increases the number of aforementioned boarders and contributes to the downward spiral of more emergency admission refusals.
We organized the remainder of this paper as follows. In the Objectives section, we explain the objectives of this study. The Process Description section presents the emergency admission flow process in more detail. In the Methods section, we discuss our modeling approach and key performance indicators (KPIs). In the Data section, we discuss the data analysis required for the model input, and we follow with a description of the model in the Model Implementation section. We present our results in the Results section, and we discuss the implementation of our results in practice in the Implementation in Practice section. Finally, we discuss additional managerial implications, limitations, and potential extensions of our study in the Discussion section.
Objectives
To increase efficiency, the partnering hospital introduced an AMU. However, management of both the AMU and inpatient wards was still spending significant time in transferring patients from the AMU to downstream inpatient wards because of an insufficient number of beds in the wards and a lack of organizational guidelines and/or protocols. To simplify the transfer process, the hospital introduced the concept of allocated emergency beds; that is, each inpatient ward allocates a part of its bed capacity to accommodate patient transfers from the AMU. The first objective of this study is thus to evaluate the effect of allocating inpatient bed capacity for emergency admission patients. Because the board of directors of the partnering hospital had recently decided to restructure its inpatient wards into care units based on liaison specialties (i.e., pooled specialties, such as nephrology and endocrinology, that cooperate with each other), we formulated a second objective for this study: evaluate the effect of pooling wards on the required number of allocated emergency beds. The concept of pooling resources has been studied extensively (Mandelbaum and Reiman 1998, Cattani and Schmidt 2005); de Bruin et al. (2010) and Vanberkel et al. (2012) specifically studied it in a hospital setting. Ultimately, we wanted to structurally improve the emergency admission flow by implementing the model into the partnering hospital's planning and control cycle. Figure 1 shows the basic patient flow that we are analyzing. This process flow includes three types of hospital , 2018 , vol. 48, no. 4, pp. 384-394, © 2018 beds: (1) in the ED, (2) in the AMU, and (3) in the various downstream inpatient wards. It also includes two arrival streams: (1) from outside the hospital to the ED and (2) from the hospital outpatient clinic, thus circumventing the ED in the AMU. After a stay in the AMU, patients can either leave the hospital (i.e., be discharged) or be transferred to an inpatient ward. After a stay in the inpatient ward, a patient is discharged.
Process Description
Below, we describe this process in more detail, including its logistical characteristics and decision points. Patients who require immediate medical care visit the ED. Therefore, ED arrivals come from outside the hospital at unpredictable rates. Arriving patients are seen and assessed provisionally. ED personnel identify patients who require a bed; those not needing a bed are treated and discharged. If a bed in the ED is available, the patient is assigned one, and the patient's priority status is determined by triage. Based on this priority status, an emergency room physician sees the patient immediately or at a later time. The attending physician determines an initial diagnosis and the primary medical specialty to which patient will be assigned. If no bed is available in the ED, the patient will be refused hospital admission and referred to a nearby hospital. ED arrivals who require an overnight stay are admitted to the AMU and if necessary, transferred later to an inpatient ward. In this study, we focus on emergency patients who are admitted to the hospital; therefore, we address only arrivals who are admitted to the ED.
After a random LOS in the ED, patients are admitted to the AMU when a bed becomes available. Otherwise, they wait in a bed in the ED. Admissions to the AMU can also originate from the hospital's outpatient clinics, thus circumventing the ED, when a physician at the outpatient clinic indicates that immediate hospitalization is required. Patients from the outpatient clinics are refused admission and referred to nearby hospitals when the AMU is occupied fully. In the AMU, patients are observed, diagnosed further, and given treatment if necessary. The LOS in the AMU is limited to 48 hours. This limit is a management decision of the partnering hospital, and it is applied with some flexibility. For example, a patient who has already spent 48 hours in the AMU and is expected to be discharged within 24 hours will remain in the AMU, because a transfer is time consuming for the AMU staff and stressful for patients. Additionally, patients are not transferred between 9 p.m. and 9 a.m., because staffing levels in the downstream inpatient wards are minimal during these hours. If further treatment is necessary, patients are transferred to other inpatient wards depending on their treatment specialty and stay there for a random LOS also depending on the treatment specialty, after which they are discharged. Patients can only transfer to their destination inpatient ward if an emergency bed is available in that ward. We assume that beds that are allocated for emergency admissions cannot be used by elective patients and vice versa.
The ED and AMU dedicate beds for the sole use of emergency patients, whereas wards also have beds for elective patients. Given the objectives of our study, one could be tempted to focus on the effect of the number of allocated emergency beds in inpatient wards and model only the wards; however, this would not capture the patient flow through the AMU. In addition, to explain the process to the stakeholders, we want to show the effects of the allocated emergency beds on all departments involved. In this study, we, therefore, include the impact on the ED, AMU, and inpatient wards.
Methods
In this section, we explain our modeling approach and KPIs for analyzing scenarios.
Model Approach
We use discrete event simulation (DES) to analyze the emergency admission flow, because analytical modeling of the nonhomogeneous interarrival times, the different lengths of service per ward and specialty, and the time interval in which patients can be transferred from the AMU are analytically intractable. DES also provides a visual representation of the process for implementation purposes. This approach is widely used for decision making and planning in health care; for example, see the online reference database described in Hulshof et al. (2011) and the systematic reviews of Günal and Pidd (2010) , Paul et al. (2010) , and Hulshof et al. (2012) .
Performance Indicators
We formulate the following KPIs as output of our simulation model: (1) the relative LOS in the AMU, (2) the fraction of patient arrivals refused, and (3) the utilization of the beds allocated in the inpatient wards. The first KPI is an accurate parameter to measure the level of throughput (Yoon et al. 2003) . When patients cannot be transferred to an inpatient ward, the LOS will increase immediately. The relative LOS is defined as the ratio of the average LOS in the AMU divided by the average LOS in the AMU in the case of unlimited capacity. We define the term as relative LOS so that we Schneider et al.: Allocating Emergency Beds can directly interpret the factor that causes the scenario to improve or worsen and compare it with an unlimited capacity scenario; in this scenario, the waiting time is marginal when patients complete their LOSs between 9 p.m. and 9 a.m. and therefore, must wait until 9 a.m. to be transferred. The second KPI is the fraction of patients refused admission (in relationship to the total number of patients), and it is an accurate measure of a full system (i.e., no beds are available). The third KPI is the average utilization of the allocated beds for each inpatient ward and the beds in the AMU, and it provides information about potential bottlenecks.
Data
The model requires the following input data:
• Arrival rates in the ED and AMU per hour;
• LOS in the ED, AMU, and hospital wards based on medical specialty;
• Distribution of the number of admissions per specialty;
• Transfer rates per specialty from the AMU to the inpatient wards or of patients who have been discharged; and
• Number of emergency beds allocated in the ED, AMU, and wards (in the ED and AMU, all beds are available for emergency admissions).
We obtained patient data from the hospital's management information system. The data set consists of 4,446 admissions in the AMU between 2012 and 2014. To overcome the high diversity in specialties and patient flows, we considered only the top 99% of admissions and excluded the remaining 1%, which are atypical cases in terms of specialty and/or ward. This resulted in seven hospital wards (i.e., a 67% reduction) and six specialties (i.e., a 50% reduction), thus significantly simplifying our calculations.
Data Analysis
The data analysis serves the following purposes:
(1) finding the distribution of specialties and patient flows (to which ward patients are transferred from the AMU), (2) clustering patient groups, (3) fitting clustered patient groups to probability distributions for modeling the LOS, and (4) determining the arrival patterns.
The distribution of specialties and patient flows are based on the historical data using frequency tables. , 2018 , vol. 48, no. 4, pp. 384-394, © 2018 Patients whose treatment is within the same specialty can be transferred to different wards; however, this could increase the specialty and ward options and thus, the complexity of our model. To keep our model as simple as possible in terms of options and increase the statistical power of the samples for fitting the probability distributions, we cluster patient groups from two perspectives: (1) the LOS of patients who are in different wards but whose care is within the same medical specialty and (2) the LOS of patients in the same ward but whose care is under a different specialty. Patients treated under the same specialty could have a similar LOS because of the similar nature of their diseases or injuries and/or because they are treated by the same staff. Our clustering process is based on the logic in Figure 2 .
First, we execute a Levene test (Levene 1960 (Games and Howell 1976 ) is required to determine significant differences between the samples. For samples with equal variances but unequal means, we perform a Tukey range test (Tukey 1949) . All tests are performed using SPSS, an IBM statistical software package. The results of this clustering process showed that two hospital wards have equal LOS, independent of the specialties on these wards, and that one specialty has the same LOS, independent of its designated wards. All other wards and specialties have significantly different means.
Using the outcomes of the clustering process, we fit probability distributions to each clustered patient group. For this, we use Rockwell's ARENA Input Analyzer based on goodness-of-fit tests (i.e., the chi-squared test). The following probability distributions are used for fitting: Gamma, Erlang, Exponential, and Lognormal. Because of the limit (i.e., 48 hours in the AMU), the historical data on the LOS in the AMU display a specific gradient, where the probability mass is centered around 24 and 48 hours. Therefore, we used the empirical distribution derived from the historical data to model the LOS in the AMU.
Because the arrival of emergency patients cannot be scheduled, we want to find the arrival patterns. We can see from Figure 1 that the process has two arrival streams: (1) arrival in the ED and (2) arrival in the AMU from the hospital's outpatient clinics. Data analysis shows that patients arrive according to a nonhomogeneous process. For example, peak hours are between 3 p.m. and 8 p.m. We, therefore, determine hourly arrival rates based on the historical data and assume that arrivals occur according to a nonhomogeneous Poisson process, such as is common practice in modeling unscheduled patient arrivals (Swartzman 1970 ). We do not consider seasonality or differences in weekdays and weekends in the arrival rates. As an example, Figure 3 shows the daily ED arrival frequencies.
Model Implementation
We modeled the DES using Tecnomatix plant simulation software from Siemens. The model has a generic setup; therefore, various configurations (e.g., the number of wards and beds, medical specialties, patient flows, and LOS) can be analyzed without changing the core design of the model. Arrivals in the ED or AMU are assigned a specialty and a specific destination (e.g., after a stay in the AMU, the patient will be discharged or transferred to a hospital ward for further treatment) according to a single random Bernoulli trial using probabilities derived from the frequency tables mentioned in the Data Analysis section. The LOS at each department is based on the department's medical specialties. When new patients arrive in the ED or AMU and all beds are occupied, they are refused and leave the system. When patients are ready to transfer from the ED to the AMU or from the AMU to an inpatient ward and the destination is occupied, they wait at their current location.
Simulation Initialization
To obtain statistically reliable results from our simulation, we need to initialize our model. We start initializing the simulation with all parameters derived from the data analysis: frequency tables for specialties and destinations, the probability distributions for the LOS, and the arrival patterns. We also need to dimension the ED, AMU, and wards according to the partnering hospital's practices. The ED and the AMU have eight and 24 allocated beds, respectively, and a patient can be transferred to one of seven wards (the number of allocated beds in wards will vary for each scenario).
Because the simulation starts with an empty system (i.e., no patients are present), a warm-up period is required to reach steady state. We, therefore, exclude all results from the warm-up period. The length of the warm-up period is determined using the Welch method. This method plots moving averages of the means from the ith observation for a number of replications and an arbitrarily long run length per KPI. The mean of multiple replications of the ith observation smooths the variability over individual observations and therefore, gives insights into the dependency on the initial state. We then use moving averages over these means to smooth out high-frequency oscillations. The warm-up period is determined through a graphical interpretation of the Step Phase Explanation 1 Initialization phase Set allocated emergency bed capacity of care units equal to capacity of pooled wards (Table 3)  2 Optimization phase Decrease capacity (i.e., number emergency beds) of care unit with lowest utilization rate 3 Iteration phase Repeat
Step 2 until outcomes of separate wards are approached sufficiently (arbitrary percentage of patients refused < 0.01)
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Interfaces , 2018 , vol. 48, no. 4, pp. 384-394, © 2018 plotted moving averages per KPI, resulting in a length of 365 days. We determine the run length using the convergence method of Robinson (2004) . This method implies convergence of the cumulative means of KPIs over multiple replications as the run length increases. The convergence level is measured as the ratio of the positive difference between the maximum and the minimum of the cumulative mean of all replications until day t divided by the same maximum of the cumulative mean of all replications until day t. We set the convergence level to 0.01, resulting in a run length of 3,250 days. We then rounded up the run length to 10 years (i.e., 3,650 days).
The final step is to determine the required number of replications. We use a stopping criterion on the relative error of the aforementioned KPIs. We set the relative error bound to 1%, and five replications proved to be sufficient.
Heuristics
In the simulation model, we analyze different distributions of emergency beds allocated in inpatient wards. To locate a feasible solution, we developed one heuristic per objective (Tables 1 and 2 ).
In the first heuristic, we start with an unlimited bed capacity (the initialization phase of the heuristic and scenario Init in Table 3 ). This scenario shows the best Note. B, percentage of refused patients; CU i , care unit i; Init, initial; ρ, bed utilization; rel LOS, relative LOS in the AMU.
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performances given the unlimited capacity, and therefore patients have only marginal waiting times as a results of the time window between 9 p.m. and 9 a.m. when transfers cannot take place. In this scenario, we found an upper bound of our solution space. The distribution of beds among inpatient wards for the next phase of the heuristic (the base phase) is based on the average utilization of the initialization phase. The base phase provides a lower bound for our solution space. Using these averages, we do not consider the stochasticity of the process; therefore, this scenario (Avg in Table 3 ) is characterized by underperformance. In the next phase of the heuristic (the optimization phase), we, therefore, analyze which ward is the bottleneck (i.e., the ward with the highest utilization rate) and increase the number of allocated beds in this ward by one. The heuristic stops iterating when the stopping criterion is met. We arbitrarily chose a maximum deviation of 0.03 from the relative LOS in the AMU of the initialization phase as stopping criterion. The second heuristic (Table 2 ) starts again with an initialization phase, where we use the solution of the first heuristic as input. Because we suspect that pooling resources will improve performance (e.g., the required bed capacity will be lower), we want to know which care unit has the lowest utilization rate. The heuristic now decreases the capacity of the care unit with the lowest utilization rate (i.e., optimization phase) and iterates until the stopping criterion is met (iteration phase).
Results
The first objective of this study is to evaluate the effect of allocating beds in inpatient wards for patients included in the emergency admissions flow. Using the simulation model and heuristic for this objective, we analyzed 14 scenarios. In Table 3 , we list these scenarios, including their input parameters and output values for the KPIs. Per scenario (i.e., a row in the table), the bed capacity of inpatient ward i with the highest utilization is increased by one bed. We graphically show this using bold numbers.
The last row in Table 3 shows that 33 allocated emergency beds are required to achieve performance similar to that in the Init scenario. However, the bed utilization per ward does not exceed 70%, which is low.
To evaluate the second objective, we pooled the wards according to the configuration of the partnering hospital and applied the second heuristic. The heuristic starts with the initialization phase (scenario Init in Table 4 ). Per scenario (i.e., a row in the table), the bed capacity of the care unit with the lowest utilization rate is decreased by one bed, which we show graphically using bold numbers, and stops when the stopping criterion is met. Care Unit 1 consists of the Wards 1 and 2, Care Unit 2 consists of Wards 3 and 4, and Care Unit 3 consists of Wards 5-7.
The results (Table 4) show that pooling resources by allocating beds among wards further improves the outcomes. In the best-performing scenario using the first heuristic for separate inpatient wards, 33 allocated emergency beds are required. When pooling inpatient wards, the required number of emergency beds decreases to 24 without a significant decrease in performance (based on the KPIs).
Implementation in Practice
This research started with a request from AMU management to analyze the bottlenecks in the AMU's patient flows. Because these flows are multidepartmental, we also involved the management of the other hospital departments (e.g., ED and inpatient wards). After we reached consensus about the definition of the problem and potential solutions, we started constructing the simulation model. AMU management was involved in every step of the simulation study, and we discussed the results with the management of all involved departments and the hospital's board of directors.
We also discussed the structure related to tactical decision making using the outcomes of the simulation model, which is now embedded in the planning and control cycle of the partnering hospital. At the beginning of every quarter, the hospital reevaluates the distribution of the emergency beds allocated in the wards. It implements the results of this reevaluation at the beginning of the next quarter; that is, ward managers adjust the number of emergency beds allocated (at the expense of beds available for elective patients). This allows management to adjust other resources (principally staffing levels) and adjust its planning for elective patients based on the reevaluation. For the evaluation process, we use a 1-year rolling horizon of data. Our experience shows that an adjustment of zero to three beds per inpatient ward is required each quarter.
As we mention above, ward management must work with and manage multiple stakeholders. In practice, management could prioritize elective patients and therefore, not completely adjust the number of allocated emergency beds that our model suggests. Overall, this model resulted in a 70% decrease in the number of patients refused admission, while elective patient admissions also increased. Schneider et al.: Allocating Emergency Beds Interfaces, 2018 , vol. 48, no. 4, pp. 384-394, © 2018 
Discussion
In this study we show the positive impact of allocating emergency beds on ED crowding. This allocation strategy eliminates boarders and therefore, makes a positive contribution to the quality of care that can be expected (Singer et al. 2011) . It may also improve patient satisfaction, because crowding is associated with lower patient satisfaction . One of our primary objectives during the development phase was to create a model that could be generalized. Our model can easily be adapted to different settings by adding wards or specialties, varying the numbers of beds, and varying the LOSs. The model could, therefore, be useful for other hospitals facing similar problems. It is a user-friendly planning tool, granting (medical) management in hospitals the power to determine the optimal number of allocated emergency beds relative to their flow dynamics and resource utilization. It provides immediate input for interdepartmental alignment; that is, it provides information about bottlenecks to ensure that congestion in one department does not cause bottlenecks in other departments that are involved in the same patient flow. It also enables managers to evaluate capacity decisions on patient flow, thus simplifying the tactical capacity decisions that they must make. The DES model is a universal and powerful tool that supports the planning and control process. The partnering hospital uses the tool for tactical decision making and has completely integrated it into the hospital's practices.
Allocating a shared resource (e.g., beds) for specific populations could result in suboptimal utilization, because it reduces flexibility. This study addresses this problem by analyzing the effect of pooling capacity (e.g., the pooling of emergency beds in inpatient wards). The results show a significant improvement in bed utilization without decreased performance in either the fraction of patients refused hospital admission or the LOS in the AMU. This supports earlier research that shows that pooling can improve both bed utilization in hospital wards and the numbers of patients who are refused hospital admission (de Bruin et al. 2010 , Vanberkel et al. 2012 .
Including more case studies is necessary to determine the correlation between allocated emergency beds, flow congestion, and boarders. A limitation of the model is the empirical distribution of the AMU LOSs. Substituting beds between emergency patients and elective patients is complex, because factors, such as the length of the waiting list and the seriousness of elective patient conditions, are also important. Our study does not currently address other factors, such as staffing levels, that also influence performance. To improve both the accuracy of the results and model validation, further research is necessary on the arrival patterns, including analyzing differences between arrival days and hours and predictors for the AMU LOS. In addition, factors that prevent a patient from being discharged immediately (e.g., a potential transfer to a nursing home) are likely causes of significantly longer LOSs in inpatient wards, thus resulting in the potential risk of refusals in the ED and AMU. We looked solely at the configuration of the partnering hospital. Therefore, analyzing different configurations of pooled wards could be a future research topic. Finally, the model that we present could be used to facilitate capacity allocation decisions of emergency patients from a regional perspective. In addition, the simulation model can visually show (to management) the flow dynamics when allocating beds for emergency patients; thus, it can increase the likelihood of successful implementation.
This research shows not only that allocating beds for emergency patients at hospital wards improves the emergency admission flow but also, that its implementation into a tool helps elucidate the pros and cons of this allocation and thus, facilitates implementation.
